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Autism diagnostic procedure is a subjective, challenging and ex-
pensive procedure and relies on behavioral, historical and parental 
report information. In our previous, we proposed a machine learn-
ing classifier to be used as a potential screening tool or used in con-
junction with other diagnostic methods, thus aiding established di-
agnostic methods. The classifier uses eye movements of people on 
web pages but it only considers non-sequential data. It achieves the 
best accuracy by combining data from several web pages and it has 
varying levels of accuracy on different web pages. In this present 
paper, we investigate whether it is possible to detect autism based 
on eye-movement sequences and achieve stable accuracy across 
different web pages to be not dependent on specific web pages. We 
used Scanpath Trend Analysis (STA) which is designed for iden-
tifying a trending path of a group of users on a web page based 
on their eye movements. We first identify trending paths of people 
with autism and neurotypical people. To detect whether or not a 
person has autism, we calculate the similarity of his/her path to the 
trending paths of people with autism and neurotypical people. If 
the path is more similar to the trending path of neurotypical peo-
ple, we classify the person as a neurotypical person. Otherwise, we 
classify her/him as a person with autism. We systematically eval-
uate our approach with an eye-tracking dataset of 15 verbal and 
highly-independent people with autism and 15 neurotypical people 
on six web pages. Our evaluation shows that the STA approach 
performs better on individual web pages and provides more stable 
accuracy across different pages. 
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OPEN DATA 
All the individual paths used for the evaluation of our proposed ap-
proach are available in our external repository at Zenodo [20]. The 
repository also includes the Python code to re-run the evaluation. 
Therefore, the proposed approach can be re-evaluated by other re-
searchers with different individual paths in the future. 
1. INTRODUCTION 
Autism Spectrum Disorder (ASD) is a neurodevelopmental dis-
order characterised by differences in communication and social in-
teraction [3]. Obtaining an autism diagnosis is an elaborate and 
expensive procedure, which is also highly subjective as it entirely 
relies on behavioral, historical and parental report information [8, 
22]. The lack of objective markers makes it especially difficult to 
diagnose cases of highly-able and independent adults with autism, 
since their symptoms may be less salient and may be further ob-
scured by a variety of coping strategies developed in time. As a 
result, people with autism, and especially adults with autism, are 
at high risk of not receiving a diagnosis or receiving one late in 
life. Similar to other conditions, having a correct autism diagno-
sis is crucial for receiving formal support and treatment, as well as 
for better self-awareness, coping with the condition, and finding a 
peer-support community. 
In addition to being subjective and challenging, the autism diag-
nostic procedure is also expensive. Raising awareness of the condi-
tion in recent years has strongly increased the demand for diagnos-
tic services, but it has also significantly slowed down the process 
and led to an increased financial burden to families [29, 11]. In 
the United Kingdom alone, there has been a significant increase 
in the demand for autism diagnostics but usually less than half of 
the applicants are found to meet the criteria [34]. Importantly, the 
difficulties reported so far refer to the diagnosing of autism in high-
income countries. People in medium- and low-income countries 
have even more limited access to autism screening, diagnosis, and 
treatment [12, 2, 40] owing to the high cost of tools and training 
professionals and para-professionals to use them [12]. The lack of 
resources for recognising and supporting the condition is one of 
the reasons why low autism prevalence is mostly associated with 
low-income countries. 
Based on the information reported so far, the diagnostic proce-
dure for autism requires significant improvements in terms of its 
reliability and cost. These issues can be alleviated if the procedure 
is aided by (or preceded by) screening tools that rely on observable 
and measurable behaviours, with minimal associated cost. Ideally, 
those tools would also be unobtrusive and rely on behaviours from 
highly-familiar everyday tasks as opposed to abstract tasks or self-
report. 
To address these challenges, in our previous work [48], we pro-
posed an objective model that helps to detect autism based on dif-
ferences in visual attention. This was done by recording the eye 
movements of people while searching for information on web pages 
and then using this behavioural data as input for a classification al-
gorithm. This approach was inspired by previous studies which 
provide eye-tracking evidence that people with autism tend to fol-
low different strategies on the web when they complete their tasks 
in comparison with neurotypical people [13, 14]. These studies 
have shown that people with autism tend to produce more fixa-
tions, more transitions between web-page elements and more fre-
quent fixations on the elements that are not relevant to a given task 
but the duration of the produced fixations is comparatively shorter 
[14]. Our autism detection classifier achieved 75% accuracy as the 
best accuracy when combining data from several web pages. This 
led to an interesting observation: across participants, data from cer-
tain web pages and tasks were more informative than data from 
other pages and tasks, however, no clear pattern emerged as to what 
makes a web page or a task “suitable”. Since the suitability of web 
pages and tasks (and other visual stimuli) to elicit discriminative 
attention-related behaviours currently cannot be known a priori, 
there is a need to explore approaches that may provide stable re-
sults across pages, thus reducing the number of tasks and stimuli 
that a participant needs to attend to receive a reliable screening re-
sult. 
In this present paper, we test whether using eye-movement se-
quences improves the stability of autism detection, as the differ-
ences found in the eye-movement data of people with autism and 
neurotypical people (especially, more fixations, more transitions 
and more frequent fixations on irrelevant elements) potentially af-
fect their eye-movement sequences [14]. In our previous work [13, 
14], we observe that there is a difference in trending sequences be-
tween neurotypical and people with autism. Therefore, here, we 
hypothesise that the analysis of sequential data may provide predic-
tions that are more robust compared to using non-sequential data 
as input, since such an approach takes into consideration the or-
der of behavioural events. We use the Scanpath Trend Analysis 
(STA) algorithm [18, 19] to identify the trending paths of people 
with autism and neurotypical people and classify a person as a per-
son with autism or neurotypical person based on the similarity of 
his/her path to the trending paths. The STA algorithm provides the 
most representative path of multiple individual paths on a web page 
compared to other existing algorithms [18]. It has been used for 
different purposes including experiential transcoding of web pages 
[25], the detection of common code reading patterns [42] and the 
generation of a feature for a classifier that correlates cognitive char-
acteristics with interaction and visual behaviour patterns [37]. We 
evaluate our approach with an eye-tracking dataset of 15 people 
with autism and 15 neurotypical on six web pages where the data of 
10 people from each group were used for the training purposes and 
the rest of the data was used for the testing purposes. We present 
an experiment that is repeated 100 times on each web page and we 
report the mean of precision, recall, F1-measure and accuracy. 
1.1 Contributions 
The contributions of this paper are as follows: 
• We present a novel approach to detect autism utilising the 
signal from the sequences in which subjects process web-
page element. This approach can be used as a potential screen-
ing tool or used in conjunction with diagnostic methods to 
help identify people who are at risk and thus aid established 
diagnostic methods. The experiments produced evidence that 
the sequence in which web users with and without autism ap-
proach web-page elements is sufficiently different to allow 
user classification with accuracy higher than chance1. 
• To evaluate the gain obtained from the sequential analysis of 
the eye movements, we directly compared the proposed ap-
proach with the most relevant non-sequential approach for 
eye-tracking data based autism detection using the same data 
[48]. We show that sequential data improves the stability 
of predictions, which is an important consideration for the 
practical use of screening tools; furthermore, the observa-
tion can impact the development of other eye-tracking data 
based tools for the detection of attention-related conditions 
(e.g. dyslexia). 
• The code and generated sequences are made freely available 
for replication purposes. 
2. RELATED WORK 
In recent years, the accessibility community has made substan-
tial progress in going beyond report-based assessment and in us-
ing machine learning to detect and measure a number of condi-
tions such as dyslexia [39], level of physical capability [36], speech 
capability loss [35], and even emotional arousal in children with 
neurodevelopmental disorders [9]. Machine-learning models for 
autism detection using behavioural data are still not widely ex-
plored, but several of them have been trained using data types such 
as functional Magnetic Resonance Imaging (fMRI), electroencephalo-
grams (EEG), speech, and gaze data obtained from children. 
The accuracy of the best fMRI models varies between 79% [4] 
and 86% [8] with leave-one-out cross-validation (LOOCV) and be-
tween 71% [4] and 83% [44] with unseen data validation. Although 
these models achieve promising accuracy for autism detection, the 
collection of fMRI data needs a very expensive and obtrusive pro-
cedure, especially for people with sensory issues. The data collec-
tion procedure may also not be suitable for people with metal im-
plants, claustrophobia, head trauma, etc. These circumstances limit 
the applicability of using fMRI data for autism detection. There 
have also been machine learning approaches reporting 94% accu-
racy with EEG data [30] and 93% accuracy with speech data [6]. 
1The binary classification (autism/non-autism) reflects the current 
diagnostic criteria introduced in 2013 (DSM-5), which no longer 
defines sub-levels of autism because of the innate heterogeneity of 
the condition. 
These results are likely over-optimistic, as data from the same par-
ticipants was split into different data segments, some of which used 
for training and others used for testing. This artificially increased 
the similarity between training and test sets, resulting in very high 
accuracy (in reality, no portions of one’s data would be present as 
labeled instances in a test set). Further discussion of these machine 
learning approaches can be found in [48]. 
While currently not a formal diagnostic criterion, atypical atten-
tion patterns in people with autism are a well-known phenomenon 
[10, 31, 49, 28, 21, 50, 46]. The theoretical underpinnings of the 
differences in visual attention can be traced back to atypical in-
formation processing where “the ASD cognitive profile is biased 
towards local sensory information with less account for global, 
contextual and semantic information” [24]. Indeed, in many eye-
tracking studies, participants with autism are reported to focus on 
specific areas as opposed to exploring a larger part of the visual 
scene as their neurotypical counterparts do [28, 27, 10]. There-
fore, differences in visual attention are indicative of higher-order 
information-processing differences between people with and with-
out autism and can thus be used as a suitable proxy to distinguish-
ing between cognitive profiles. 
Eye tracking allows observing what areas of a visual scene peo-
ple fixate their gaze on, for how long, and in what order. To il-
lustrate the nature of eye-tracking data, Figure 1 shows a gaze plot 
visualization of a scanpath of a single user on a web page [43]. In 
a gaze plot visualization, fixations are represented as circles, where 
the size of the circle is positively correlated with the duration of the 
fixation. 
Figure 1: A gaze plot visualisation of a scanpath of a single user 
on a web page 
Several recent models aim to detect autism based on eye-tracking 
data, almost exclusively focused on toddlers and young children 
[28, 27, 45, 32]. Many of their contributions lie in the attempt 
to reliably record quality data with such young subjects and the 
reported accuracy is between 85% and 88%. The stimuli used in 
these experiments include videos and faces and the level of autism 
severity has not been reported. 
As mentioned in the Introduction section, in our previous work, 
we proposed a machine learning model based on eye-tracking data 
for autism detection in highly independent adults [48]. We first 
created a feature set with non-sequential eye-tracking data features 
for each element for each participant on each web page (time to 
the first fixation, time viewed, time viewed %, fixation count and 
revisit count) with other features (page identifier, element identi-
fier, visual complexity of the page, participant gender, target el-
ement (yes/no)). We then trained several machine learning classi-
fiers and achieved 75% accuracy as the best accuracy with the logis-
tic regression approach by combining data from several web pages. 
However, in our previous work, when we look at the accuracy on 
individual pages, we can see that the results were not consistent and 
affected by the underlying page. The accuracy ranged from 45-63% 
and 39-69% on individual pages for the browsing and searching 
tasks respectively therefore the standard deviation between pages 
was high. The current paper is a continuation of our previous work 
and proposes the analysis of eye-movement sequences as a way 
to provide a more stable prediction across different web pages by 
capturing differences caused by eye-movement data [14]. 
Different kinds of algorithms are available to analyse eye-movement 
sequences of users on a web page to detect sequential patterns in 
a group of eye-movement sequences (such as eyePatterns [47] and 
SPAM [26]) or identify a representative sequence for a group of 
users (such as eMine [15, 16]). A detailed overview of these algo-
rithms can be found in [17]. In this study, we use the STA algorithm 
to identify the trending paths of people with autism and neurotypi-
cal people to be used as a basis for autism detection because (i) this 
algorithm was found to be the most successful algorithm in iden-
tifying the most similar path to the individual paths in comparison 
to other algorithms [18] and (ii) we observe a difference between 
the trending paths of people with autism and neurotypical people 
in our previous work [13, 14]. 
3. PROPOSED APPROACH 
We propose to generate the trending paths for people with autism 
and neurotypical people by using Scanpath Trend Analysis, and 
then classify a person as a person with autism or neurotypical per-
son based on his/her path’s similarity to the trending paths. An 
overview of this approach is illustrated in Figure 2. 
3.1 STA: Scanpath Trend Analysis 
Scanpath Trend Analysis (STA) is designed to summarise a group 
of eye-movement paths into a single representative path and it is 
comprised of three core stages: (1) Preliminary Stage, (2) First 
Pass, and (3) Second Pass. The full description of the STA algo-
rithm can be found in [18, 19]. 
Preliminary Stage: A series of fixations for each person on a par-
ticular web page and the visual elements of the web page are taken 
as input. The individual paths are then represented in terms of the 
visual elements by identifying the corresponding element of each 
fixation. When the individual path of a person is represented as X 
[150 ms] Y [100 ms] Z [200 ms], it means that the person looked 
at the elements X, Y and Z for 150 ms, 100 ms and 200 ms respec-
tively. 
First Pass: A visual element can exist consecutively (XYYZ) and/or 
non-consecutively (XYXZ) in an individual path. Each non-consecutive 
existence of a visual element in an individual path is referred to as 
the instance of the element. The instances of a particular visual el-
ement are differentiated from each other with the use of numbers 
where the longest instance receives the first number. A visual el-
ement instance is identified as trending if it satisfies the following 
rules where X represents the tolerance level parameter. 
Figure 2: An overview of autism detection with STA 
• The total number of the existence of the instance >= the min-
imum total number of the existence of the instances that are 
shared by X percent the individual paths. 
• The total duration of the instance >= the minimum total du-
ration of the instances that are shared by X percent of the 
individual paths. 
If the tolerance level is set to 0.80, then the trending instances are 
identified based on the instances which are shared by 80% of the in-
dividual paths. The trending instances are kept and other instances 
are removed from the individual paths. 
Second Pass: The trending instances are combined based on their 
overall positions in the individual paths to generate the trending 
path. For each individual path, the same instances are combined 
(e.g. X1 [150 ms] X1 [200 ms] Y2 [400 ms] → X1 [350 ms] Y2 
[400 ms] ) and then their sequential priority values are computed 
with Equation 1: 
maxi − mini ψi = 1 − Pi · L − 1 (1) 
where: 
ψi = Sequential priority value of ith instance in the individual 
path 
Pi = Position of the instance in the individual path (starting 
from 0) 
L = Length of the individual path. 
maxi = Maximum sequential priority value (default: 1) 
mini = Minimum sequential priority value (default: 0.1) 
The total priority value for each trending instance is then computed 
with Equation 2. 
n 
Ψ = ∑ ψi (2) 
i=1 
where: 
Ψ = Total priority value of an instance 
n = The number of trending instances 
The trending path is then generated by sorting the trending in-
stances based on their total priority values in descending order. 
In case of the same priority values, the total duration and the to-
tal number of the existence of the instances are also considered. 
The identification numbers of the instances are then deleted (e.g. 
X1→X) and the consecutive repetitions are excluded (e.g. XYYZ 
→ XYZ), and finally the trending path is represented in terms of 
the visual elements. 
3.2 Classification 
When there is an individual path on a particular page, its simi-
larity is computed to the trending paths of people with autism and 
neurotypical people on that page by using the Levenshtein distance 
which is commonly referred to as the String-edit distance [17]. This 
similarity measure has widely been used for comparing two scan-
paths which are represented as string sequences [17]. It represents 
a minimum number of editing operations (addition, deletion and/or 
substitution) required to transform one string to another one. For 
example, the String-edit distance between the paths XYZ and XYA 
is equal to one as one substitution operation with Z and A is able to 
transform one path to another. Equation 3 is then used to calculate 
a similarity score as a percentage. 
D 
S = 100 · (1 − ) (3) 
L 
where: 
S = Similarity score 
D = String-edit distance 
L = The length of the longer path 
If the path is more similar to the trending path of neurotypical 
people, the person of the path will be classified as a neurotypical 
person. Otherwise, s/he will be classified as a person with autism. 
If there is no trending path identified for neither people with autism 
nor neurotypical people (which could happen with very high toler-
ance levels, such as 1.00), the person of the path will be classified 
as a person with autism. This classification algorithm is also illus-
trated in Algorithm 1. 
Algorithm 1: Classification of an individual scanpath based on 
STA 
Data: Individual path (P), Trending path of people with autism 
(TP1), Trending path of neurotypical people (TP2) 
Result: Class of P 
D1 = LevenshteinDistance(P, TP1) 
S1 = 100 * (1 - D1 / max(length(P), length(TP1)) 
D2 = LevenshteinDistance(P, TP2) 
S2 = 100 * (1 - D2 / max(length(P), length(TP2)) 
if S1 <= S2 then 
return Person with Autism 
else 
return Neurotypical Person 
end 
4. EVALUATION 
We aim to evaluate our approach by comparing it with the most 
relevant approach which has been proposed in our previous work 
[48]. Therefore, we use the same dataset and follow the same 
methodology. 
4.1 Dataset 
The dataset includes a series of fixations for each participant on 
six web pages for two different kinds of tasks. We briefly explain 
the dataset below. The full description of the dataset can be found 
in [48]. 
Participants: The dataset was constructed with 15 verbal and highly-
independent people with autism (Female: 6, Male: 9) and 15 neu-
rotypical people (Female: 7, Male: 8). The group of people with 
autism was referred to as the ASD group and the group of neu-
rotypical people was referred to as the control group. The partic-
ipants with autism were recruited through a UK charity organisa-
tion, while the control-group participants were recruited through 
snowball sampling. The participants in both groups were from the 
West Midlands area of the UK. 
The inclusion criteria for the ASD group was a formal diagno-
sis of autism (Asperger’s syndrome and High-functioning autism 
were also acceptable diagnoses for those participants that were di-
agnosed before the introduction of DSM-5), being over 18 years of 
age and being able to use a computer. The inclusion criteria for the 
control group were similar, except for the presence of autism. To 
ensure that no participants with a high incidence of autistic traits 
were included in the control group, participants were screened us-
ing the 50-item Autism Quotient test [7]. Exclusion criteria in-
cluded the presence of any degree of intellectual disability, disor-
ders that may affect reading (other than autism) and any conditions 
affecting vision that could not be corrected with glasses or lenses. 
The mean age of the ASD group was 37 (SD: 9.14) whereas the 
mean age of the control group was 33.6 (SD: 8.6). In addition, the 
mean of the number of years spent in formal education was 16 (SD: 
3.33) for the participant with autism and 18.35 (SD: 2.47) for the 
neurotypical participants. All of these participants were daily web 
users and were highly independent (i.e. none of them relied on a 
caregiver in their day-to-day life). 
Materials: The participants viewed the home pages of six web-
sites which were randomly selected from the top sites listed by 
Alexa.com by ensuring that their home pages had varying levels 
of visual complexity determined with the ViCRAM tool [33]. The 
websites along with their visual complexity levels were as follows: 
Apple (Low), Babylon (Low), AVG (Medium), Yahoo (Medium), 
GoDaddy (High) and BBC (High). The participants were asked to 
specify how often they visit these pages (daily, weekly, monthly, 
less than once a month, never) and their answers show that these 
web pages were not frequently visited by the majority of the par-
ticipants in both of the ASD and control groups (monthly, less than 
once a month or never), apart from the BBC page which was visited 
by the majority of the participants from the ASD group either daily 
or weekly (see the details in [14]). 
Similar to our previous work [48], the web pages were divided into 
their elements by using the extended VIPS algorithm [1] as STA is 
conducted based on visual elements of web pages. The VIPS algo-
rithm has widely been used to divide web pages into their elements 
[1]. It provides the elements in a hierarchical form where deeper 
levels include more and smaller elements. The fifth level was used 
as it was found to be the most preferred level by users based on a 
study conducted by [1]. 
Tasks: The participants completed two different types of tasks for 
each page. 
• Browse task: The participants were instructed to freely browse 
the web pages for a maximum of 120 seconds without being 
required to answer any specific questions. This involved the 
selective inspection of page elements in a spontaneous order. 
The participants were free to proceed to the next page once 
they were satisfied with their familiarity with the current page. 
If they did not want to stay on the web page for 120 seconds, 
they were allowed to continue with other pages. 
• Search task: The participants were asked to find specific in-
formation within each page. For example, the participants 
were asked to find a telephone number for technical support 
and also the text box where they could search for a new do-
main. There were two questions per page and the time limit 
for answering both was 30 seconds. After completing the 
tasks, the participants could proceed to the next page. 
Equipment: The eye movements of the participants were recorded 
with a Gazepoint GP3 video-based eye-tracker on a 19" LCD mon-
itor with 1440 x 900 screen resolution [23]. The degree of accuracy 
of this eye tracker was given as 0.5-1 degree. The distance between 
the participants and the eye tracker was approximately 65 cm. 
Procedure: The participants firstly read the information sheet and 
signed the consent form to accept for taking part in the study. The 
neurotypical participants were also asked to complete the Autism 
Quotient test to ensure they do not have a high level of autistic 
traits. The demographic data was then collected, including age, 
gender, education, and web usage. After that, they started their eye-
tracking sessions and they viewed all the pages twice in a counter-
balanced random order for both types of tasks. 
4.2 Methodology 
We first divided the participants in each group into two sets called 
training (10 participants) and testing sets (5 participants) which is 
a typical hold-out method [5] (we used 2/3 of the dataset as train-
ing set). We used the training sets to discover the trending paths of 
the participants with autism and the neurotypical participants. We 
then combined the testing sets of the two groups. After that, we 
compared each participant’s path in the combined testing set (10 
participants in total) with the trending scanpaths of the participants 
with autism and neurotypical participants to classify the participant. 
Precision, recall, F1-score, and accuracy were then computed. This 
hold-out method was repeated for each page 100 times and we com-
puted the mean of precision, recall, F1-score, and accuracy for each 
page. We followed this methodology with each tolerance level of 
the STA algorithm [0.01-1.00] and selected the the case with the 
highest F1-score for each page. 
We then compared the results of our proposed STA approach 
with the results of our previous logistic regression approach [48]. 
In order to do a fair comparison, we used the same dataset and same 
methodology for evaluation of the results. Since only the accuracy 
values are reported for the logistic regression approach, we com-
pare the logistic regression approach with the STA approach based 
on the accuracy values instead of F1-scores. As the STA algorithm 
is designed to identify a trending path of multiple users on a partic-
ular web page, we compare these approaches based on individual 
web pages instead of different combinations of web pages. Besides, 
we consider the accuracy values of the logistic regression approach 
achieved with only eye-tracking data for the comparison purpose 
because other features do not improve its classification accuracy in 
general, and we want to compare it with our approach based on 
how they work with a single source of data. 
Furthermore, we also investigated the effect of the tolerance pa-
rameter of the STA algorithm on the results. We calculated the 
standard deviation of precision, recall, F1-score and accuracy val-
ues achieved by our approach for each web page with all tolerance 
levels of the STA algorithm for the browsing and searching tasks. 
5. RESULTS 
To illustrate how the trending paths of people with autism and 
neurotypical could differ from each other, Figure 3 and Figure 4 
show two trending paths identified for 10 people with autism and 
10 neurotypical people respectively on the home page of the Yahoo 
website with the tolerance parameter 0.90 for the browsing task2
2STA does not provide the exact locations of fixations and therefore 
the locations of fixations in the figures are for illustration purposes 
only. 
. 
In this case, the trending path of people with autism consists of 
more and repeated elements and has more transitions between these 
elements. 
Figure 3: The trending path of 10 people with autism on the 
Yahoo page with the tolerance level 0.90 for the browsing task 
Table 1 shows the mean values of precision, recall, F1-score and 
accuracy for each web page achieved by our approach for autism 
detection for the browsing and searching tasks. These values show 
that the sequential analysis of eye movements allows to detect autism 
with accuracy higher than chance. 
Table 2 shows the comparison of the accuracy values achieved 
by the logistic regression approach and the STA approach based on 
individual pages. In addition, Figure 5 and Figure 6 visualises these 
comparisons by column charts. The mean accuracy values of the 
STA and logistic regression approaches are 60.00% (SD: 3.2) and 
54.67% (SD: 6.15) for the browsing tasks and 58.20% (SD: 3.12) 
and 56.00% (SD: 10.84) for the searching tasks respectively. These 
results show that when individual pages are taken into account, 
higher accuracy and lower standard deviations are observed when 
using the STA approach with sequential data compared to using the 
Figure 4: The trending path of 10 neurotypical people on the 
Yahoo page with the tolerance level 0.90 for the browsing task 
Task Page Precision Recall F1 Accuracy 
Browse 
Apple 0.63 0.61 0.60 61.00% 
Babylon 0.61 0.58 0.55 57.90% 
AVG 0.67 0.65 0.63 64.80% 
Yahoo 0.63 0.61 0.57 60.90% 
GoDaddy 0.62 0.60 0.58 60.30% 
BBC 0.55 0.55 0.52 55.10% 
Search 
Apple 0.59 0.59 0.57 58.60% 
Babylon 0.67 0.63 0.60 63.10% 
AVG 0.53 0.57 0.50 56.50% 
Yahoo 0.52 0.55 0.48 55.10% 
GoDaddy 0.52 0.56 0.47 55.50% 
BBC 0.63 0.60 0.57 60.40% 
Table 1: The mean values of precision, recall, F1 and accuracy 
for each web page achieved by our approach for the browsing 
and searching tasks 
logistic regression approach with non-sequential data. Therefore, 
the advantage of the sequential approach is the stability of the pre-
dictions, as shown by the lower standard deviation compared to the 
non-sequential approach. 
To illustrate the effect of the tolerance level of the STA algo-
rithm, Table 3 shows the standard deviation of precision, recall, F1-
score and accuracy for each web page for the browsing and search-
ing tasks for all the tolerance levels [0.01-1.00]. The mean values 
of the standard deviation of the F1-scores and accuracy are 0.06 
and 3.5% respectively for the browsing tasks and 0.05 and 3.6% 
respectively for the searching tasks. Therefore, these suggest that 
the tolerance level has minor effect on the overall results. 
6. DISCUSSION 
The results of this study show that the analysis of eye-movement 
sequences from web-page processing allows autism detection with 
an above-chance accuracy, owing to differences in the sequence in 
which the two groups attend to the elements. 
In comparison to the most relevant non-sequential approach, the 
60 
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analysis of sequential data using the STA algorithm provides not 
only more stable results but also higher accuracy when taking in-
dividual pages into consideration. This finding has direct implica-
tions for the development of autism-detection screening tools, as it 
is a step towards achieving stable results across stimuli, thus reduc-
ing the number of tasks and pages the participants need to complete 
and attend to in order to obtain a reliable screening result. The im-
pact of these results is also relevant to screening tools for the de-
tection of other attention-related conditions, such as the screening 
methods for dyslexia proposed by [38]. Additionally, the produced 
evidence that the two groups attend to page elements in order suf-
ficiently different to allow consistent above-chance user classifica-
tion has implications for the development of autism-friendly web 
pages and websites. 
There are several possible factors that may have influenced the 
results that need further investigation. For example, in our study, 
we directly use the entire scanpaths to identify the trending scan-
paths without any pre-processing. However, some pre-processing 
steps can be conducted to deal with any possible noisy data. For 
example, the fixations made after the completion of searching tasks 
could be considered noise and excluded in order to contain signals 
from the search tasks alone. One may also consider ignoring the 
very first few fixations as there may be some possible contamina-
tion from the preceding stimulus, i.e. these fixations could poten-
tially represent the position of the eyes when leaving the previous 
web page. If these assumptions were true, these pre-processing 
steps could serve as a noise-removal procedure and result in in-
creased overall accuracy. Besides the noise elimination techniques 
in data, we can also apply different windowing3 techniques to the 
sequence data – in order words, instead of using the full sequences, 
we can slice the sequence data into different window sizes and try 
to see if the generated scanpaths are more accurate in prediction. 
We can also explore windowing time frames with respect to task 
completion or reaching certain parts of the page. 
Another factor that may have had a direct impact on the results is 
the web page segmentation. We use the VIPS algorithm to segment 
the web pages into their elements due to its popularity in the liter-
ature for web page segmentation and due to the fact that our previ-
ous work has suggested that it provides higher accuracy compared 
to other existing approaches [48]. We can also explore how other 
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web page segmentation approaches would affect the overall results 
with STA. For example, an alternative approach to VIPS is Block-
o-Matic (BOM) which can also be used to segment web pages [41]. 
Besides these approaches, we could also divide the pages into dif-
ferent sizes of grids and then explore the effect as we have done 
in our previous work [48]. Therefore, future work may include re-
peated evaluations using other web page segmentation algorithms 
including grid segmentation with different granularity levels. 
The proposed approach is a foundation step towards improving 
Task Page Logistic Regression [48] STA 
Browse 
Apple 63 % 61.00 % 
Babylon 54 % 57.90 % 
AVG 59 % 64.80 % 
Yahoo 52 % 60.90 % 
GoDaddy 55 % 60.30 % 
BBC 45 % 55.10 % 
Search 
Apple 69 % 58.60 % 
Babylon 63 % 63.10 % 
AVG 39 % 56.50 % 
Yahoo 48 % 55.10 % 
GoDaddy 60 % 55.50 % 
BBC 57 % 60.40 % 
Table 2: The comparison of the accuracy values achieved by 
the logistic regression approach and the STA approach based 
on individual pages 
Task Page Precision Recall F1 Accuracy 
Browse 
Apple 0.06 0.05 0.05 4.57 
Babylon 0.07 0.05 0.05 4.85 
AVG 0.10 0.02 0.06 2.03 
Yahoo 0.05 0.04 0.03 3.51 
GoDaddy 0.05 0.04 0.04 3.73 
BBC 0.09 0.03 0.06 3.00 
Search 
Apple 0.12 0.04 0.08 4.09 
Babylon 0.08 0.03 0.05 2.88 
AVG 0.11 0.04 0.08 4.03 
Yahoo 0.08 0.03 0.05 3.23 
GoDaddy 0.10 0.04 0.07 4.33 
BBC 0.05 0.02 0.04 2.50 
Table 3: The standard deviation of precision, recall, F1-score 
and accuracy values for each web page achieved by our pro-
posed approach for the browsing and searching tasks for all 
tolerance levels of the STA algorithm [0.01-1.00] 
Figure 5: The comparison of the accuracy values achieved by 
the logistic regression approach and the STA approach for the 
browsing tasks 
Figure 6: The comparison of the accuracy values achieved by 
the logistic regression approach and the STA approach for the 
searching tasks 
3https://towardsdatascience.com/ml-approaches-for-time-series-4d44722e48fe 
the stability of autism detection across stimuli and tasks, however, 
it has the limitation that it currently does not allow the combination 
of signals from different web pages. Therefore, future work would 
aim to combine the stability of the results achieved by this approach 
with the ability to use the signals from multiple pages, as in [48]. 
Furthermore, as the dataset consists of six web pages, we are not 
able to investigate how the features of web pages such as visual 
complexity and text density affect autism detection and the order to 
element processing. Additional studies with more web pages will 
allow us to investigate the effects of these features. 
Finally, in this research we use real web pages that were not 
particularly designed for aiding autism detection. However, as it 
is common in the related work (see Section 2), one can also create 
synthetic pages that are mainly designed in aiding autism detection. 
In order to do this, of course further studies are needed to better un-
derstand what kind of structural elements and formulation of those 
elements can better guide this process. It is for example critical 
to understand what kind of elements or structures cause more dif-
ficulties to people with autism. One can argue that this would be 
very challenging but if we conduct more and different eye-tracking 
studies with varying complexity of web pages with different for-
mulation of structural contents and tasks, we will be able to have 
very large dataset that can help us better understand the phenom-
ena. Using synthetic web pages would also allow to deal with any 
possible familiarity issues. 
7. CONCLUSION 
This study shows that eye-movement sequences can be used as 
an indicator of detecting autism. The main contribution is the find-
ing that the analysis of sequential data provides more stable results 
compared to non-sequential data, which can help overcome draw-
backs in stimulus selection. By using the STA algorithm, we could 
achieve approximately 60% accuracy for both the browsing and 
searching tasks with very minor variations among the web pages. 
These results were achieved with verbal and highly-independent 
people with autism who are difficult to diagnose and we do not 
make claims for people with autism who are non-verbal, have in-
tellectual disability and/or do not frequently use the web. We can 
also conduct the evaluation of our approach with a different group 
of people with autism to see how the accuracy will be affected. 
An important direction for future work is to explore how other 
non-sequential features (e.g. the number of transitions, the num-
ber of irrelevant elements fixated, etc.) can be integrated into this 
approach for achieving higher accuracy. Although we use the STA 
algorithm in this study, other sequence-based algorithms can also 
be investigated in the future to see how they work for autism detec-
tion. 
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